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Modeling Patients’ Acceptance of Provider-delivered E-health

E. VANCE WILSON, PHD, NANCY K. LANKTON, PHD

A b s t r a c t Objective: Health care providers are beginning to deliver a range of Internet-based services to
patients; however, it is not clear which of these e-health services patients need or desire. The authors propose that
patients’ acceptance of provider-delivered e-health can be modeled in advance of application development by
measuring the effects of several key antecedents to e-health use and applying models of acceptance developed in the
information technology (IT) field.

Design: This study tested three theoretical models of IT acceptance among patients who had recently registered for
access to provider-delivered e-health.

Measurements: An online questionnaire administered items measuring perceptual constructs from the IT acceptance
models (intrinsic motivation, perceived ease of use, perceived usefulness/extrinsic motivation, and behavioral
intention to use e-health) and five hypothesized antecedents (satisfaction with medical care, health care knowledge,
Internet dependence, information-seeking preference, and health care need). Responses were collected and stored in
a central database.

Results: All tested IT acceptance models performed well in predicting patients’ behavioral intention to use e-health.
Antecedent factors of satisfaction with provider, information-seeking preference, and Internet dependence uniquely
predicted constructs in the models.

Conclusion: Information technology acceptance models provide a means to understand which aspects of e-health are
valued by patients and how this may affect future use. In addition, antecedents to the models can be used to predict
e-health acceptance in advance of system development.

j J Am Med Inform Assoc. 2004;11:241–248. DOI 10.1197/jamia.1475.

Health-related Internet applications delivering a range of
content, connectivity, and clinical care are referred to
collectively as e-health.1* E-health is promoted as a mechanism
to bring growth, cost savings, and process improvement to
health care.5,6 Health care providers observed initial de-
velopments in e-health mainly from the sidelines due to
concerns over risk, liability, and initial expense.5 However,
more and more providers are coming to accept the situation
that patients want to be involved ‘‘as a participant and
partner in the flow of information’’ relating to their own
health care.7 A recent survey of 440 health care organizations5

found that more than 80% now deliver some form of e-health

to their patients, and more than 50% implement advanced
e-health applications, including online formularies, pre-
scription refills, test results, and physician–patient com-
munication. These advanced applications differentiate
provider-delivered e-health from sites that supply general-
ized health content to the mass market, and it is likely that
developing and delivering new forms of health care
connectivity, clinical care, and personalized content to patients
will be an effective business strategy for providers8 and a
self-management tool for patients.9

In 2000, health care accounted for 14% of the U.S. gross
domestic product ($1.31 trillion), and this figure is projected
to increase to 16.2% ($2.6 trillion) by 2010.10 Given the
massive size of the industry, decisions by health care
organizations to implement e-health are likely to have serious
economic consequences5 and social ramifications as patients
adapt their lifestyles to interact with providers online rather
than via telephone or office visits.4,8 It is clear that patients
desire a range of services to be brought online by their own
health care provider.11 What is less clear is whether the
services offered by health care providers are services that
patients desire. Discrepancies between the two positions
could obstruct patients’ acceptance and use of the technol-
ogy.12 Indeed, the history of information technology (IT)
system development is littered with projects that were
rejected by intended users because developers did not attend
to key factors underlying acceptance.13 For this reason, it is
important that health care providers are able to effectively
model patients’ acceptance of e-health. Models will be useful
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in predicting which patients will use e-health and in under-
standing what factors influence their decisions. Models also
can aid in designing and evaluating the ability of specific
e-health applications, such as online formularies, to meet the
needs of patients in general as well as the needs of specific
constituencies, such as diabetic patients.

In this paper, we report a study in which we tested the
effectiveness of three models—two well-known models of IT
acceptance and a recently introduced approach that in-
tegrates the two—in explaining patients’ behavioral intention
to use provider-delivered e-health. We also tested five
conceptually important characteristics of patients to assess
whether these are significant antecedents to the models. In the
remainder of this paper, we develop hypotheses regarding
the models and antecedents, describe the research methods
and results, and conclude with a discussion of our findings.

Acceptance Models and Antecedents
IT Acceptance Models
Two prominent models of IT acceptance are the technology
acceptance model (TAM)14,15 and the motivational model16

(Fig. 1). TAM extends the theory of reasoned action17,18 by
proposing that individuals’ perceptions of a technology’s
usefulness (PU) and ease of use (PEOU) are key contributors
to behavioral intention (BI) to use the technology. The
motivational model proposes that intrinsic motivation (IM)
and extrinsic motivation (EM) are key in determining BI. In
technology acceptance research, BI is typically used as the
dependent variable in place of actual usage. BI is available
for measurement at the same time as other constructs in
acceptance models and is considered to be an accurate
predictor of future usage behavior.14 A meta-analysis of 87
studies finds an average correlation of approximately 0.50
between behavioral intention and actual usage.19

Both TAM and the motivational model have been applied
successfully to predict technology acceptance outside health
care domains, and TAM has been used successfully to model
physicians’ acceptance of telemedicine technology.20 We pro-

pose Hypotheses 1 and 2 to test these two models in the
context of e-health acceptance.

Hypothesis 1: PEOU and PU will have significant positive
influence on BI, as predicted by TAM.

Hypothesis 2: IM and EM will have significant positive
influence on BI, as predicted by the motivational model.

As development and testing of the two models have pro-
gressed, it has become clear that the PU construct of TAM and
the EM construct of the motivational model measure the
same underlying construct.21 In recognition of this situation,
Venkatesh et al.21 developed an integrated model that uses
IM, PEOU, and a unitary PU-EM construct to predict BI
(Fig. 1). Their initial test of this model resulted in better fit
statistics than either TAM or the motivational model alone.
We replicate these tests in an e-health context with two
hypotheses.

Hypothesis 3: The integrated model will be a better fit than
TAM.

Hypothesis 4: The integrated model will be a better fit than the
motivational model.

Potential Antecedents
In many studies of IT acceptance, antecedent factors relating
to the individual, organization, and system have been shown
to significantly affect IM, PEOU, PU, and EM.22–25 Because
these factors have temporal precedence to system acceptance
and occur independently of the model constructs, they may
be applied to predict users’ tendencies toward technology
acceptance before the technology is actually implemented.
Assuming that predictions involving e-health acceptance can
be made from antecedent characteristics of patients, it will be
important for health care providers to examine these factors
prior to making decisions regarding e-health design and de-
ployment. After a careful review of the health care literature,
we identified several patient-centered factors that have the
potential to affect acceptance of e-health. These are described
in the following sections, and hypotheses are developed to
test the effects of each factor on IM, PEOU, and PU-EM model
constructs. For brevity, a single hypothesis showing the three
separate tests is written for each factor.

Satisfaction with Medical Care
Research shows that the more satisfied that a patient is with
medical care, the more likely he or she is to follow the
physician’s advice.26 Dissatisfaction with medical care can
motivate patients to change physicians27 or leave a health
plan.28 In addition, satisfaction with a prior hospital experi-
ence has been shown to influence evaluations of current
experiences.29 These findings suggest that patients who are
more satisfied with their current medical care will tend to be
more receptive to their provider’s additional offerings,
including e-health.

Hypothesis 5: Patients who are more satisfied with their medical
care will have higher acceptance of e-health, as measured by
(a) IM, (b) PEOU, and (c) PU-EM.

Health Care Knowledge
Patients often use e-health sites to gain information about
a health condition or disease30 and increase their knowledgeF i g u r e 1. Three models of technology acceptance.

242 WILSON, LANKTON, Patients’ Acceptance of Provider-delivered E-health



about health topics.31 This suggests that patients who feel that
they have relatively little knowledge about caring for their
own health will tend to accept provider-delivered e-health.

Hypothesis 6: Patients with lower perceived health knowledge
will have higher acceptance of e-health, as measured by (a)
IM, (b) PEOU, and (c) PU-EM.

Information-seeking Preference
In response to calls for patients to be more involved in their
own care, several studies have examined patients’ informa-
tion-seeking preferences. Although most patients do not want
to make all the decisions regarding their health care, they do
want to be informed.32–34 Among patients with chronic con-
ditions, Strull et al.35 report that 41% would prefer to have
received additional information from their health care pro-
vider. E-health increases the availability of information and
may provide a less difficult means of gaining that information
compared with finding it in a medical library or asking
a physician. This suggests that patients with high informa-
tion-seeking preference will tend to accept e-health.

Hypothesis 7: Patients who have a higher information-seeking
preference will have higher acceptance of e-health, as
measured by (a) IM, (b) PEOU, and (c) PU-EM.

Health Care Need
Certain health conditions increase patients’ need for health
care beyond that of the general patient population. These
conditions include chronic diseases, such as diabetes, severe
injuries, and lengthy recuperation or rehabilitation periods,
all of which can necessitate frequent visits to the primary care
physician or specialists. It is anticipated that high need
for health care will increase patients’ tendencies to accept
e-health as a means to receive additional care or reduce the
time spent in receiving care.

Hypothesis 8: Patients with higher health care need will have
higher acceptance of e-health, as measured by (a) IM, (b)
PEOU, and (c) PU-EM.

Internet Dependence
More than 60% of Americans now have Internet access, and
the U.S. population is becoming increasingly dependent on
the Internet for information and communication involving
health care, government, and other institutions.36 We expect
that high levels of Internet dependence will increase patients’
tendencies to accept e-health.

Hypothesis 9: Patients with higher Internet dependence will
have higher acceptance of e-health, as measured by (a) IM, (b)
PEOU, and (c) PU-EM.

Methods
An online questionnaire was administered to subjects who
had recently registered for access to e-health delivered by
a large health care provider in the midwestern United States.
The questionnaire implemented items representing the con-
structs in TAM, the motivational model, the integrated
model, and the five hypothesized antecedent factors.

E-health Application
The provider’s e-health application delivers encyclopedic
health content with both browse and search access and

e-mail-style connectivity with the clinic office that implements
standards for patient privacy and security37 and online pre-
scription refill ordering and appointment scheduling. The
application was designed to meet standards for accurate
health information content38 and for simplified accessibility
for users who do not have extensive computer experience as
well as elderly patients.39 Access for users is unrestricted, but
they must first register online and thereafter log in using
a self-assigned ID and password.

Procedure
Patients were informed about the provider’s e-health ap-
plication by a mass mailing featuring a descriptive color
brochure. Approximately one month after this mailing, an
invitation to participate in the study was sent to the e-mail
addresses of the 1,750 individuals who had registered for
access. Of these, 163 (9%) responded to the invitation and
completed the entire online questionnaire. The health care
provider declined to allow the researchers to send additional
requests to participate. The subjects’ average age was 50 years
and 79% were female. Respondents were asked to rate the
provider’s e-health application and their previous experiences
with the provider via an online questionnaire (items used in
the questionnaire are presented in Appendix 1). The question-
naire software randomized the administration order of the
scaled items for each subject to avoid contamination of
responses through item-adjacency effects. Nonscaled items
assessing health care need and demographic characteristics
were placed at the end of the questionnaire.

Measurements
Items measuring the constructs of TAM, the motivational
model, and the integrated model were drawn from validated
scales.15,16,21 Items measuring satisfaction with medical care
were drawn from Marshall et al.,40 and items measuring
information-seeking preference came from Ende et al.32 Items
for health care knowledge, Internet dependence, and health
care need were developed within the current study. Health
care knowledge items were developed to measure the extent
of knowledge and understanding of personal health prob-
lems. Internet-dependence items were developed to measure
usage frequency of and dependence on the Internet and
e-mail. Health care need items were developed to measure
three facets of need: the frequency of visits to physicians, the
number of physicians visited during the previous six months,
and the presence of a chronic health condition. Reliability
measures for the constructs are reported in Appendix 1.

Results
Data were screened to ensure that responses were entered to
all items. Only completed questionnaires were used, so there
were no missing data in the analysis of results. In the cases in
which subjects spelled out numbers in their textbox entries,
these were manually converted to numerical values. All
model constructs show reliability in excess of 0.90 (Cronbach’s
a). All four scaled antecedent factors show reliability in excess
of 0.70 except information-seeking preference (a = 0.60),
a construct derived from Ende et al.32

Hypothesis testing was conducted using structural equation
modeling (SEM). SEM analysis incorporates unique effects of
individual measurement items and calculates both direct and
indirect effects within a model. This makes SEM useful for
assessing models that utilize latent variables (i.e., constructs
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that are not observed directly but are instead measured
indirectly using multiple items) or contain intervening or
mediating variables.41 These abilities are especially appro-
priate for the models that we were testing because their
constructs cannot be measured directly and they contain
a variety of mediating variables, e.g., PEOU and PU-EM in
the integrated model. Application of SEM and model-fit
metrics are discussed in the following sections.

Effectiveness of Acceptance Models
Hypotheses 1–4 address the effectiveness of TAM, the
motivational model, and the integrated model in predicting
BI of patients to use e-health. To test these hypotheses, SEM
was conducted to assess the relationships among each
model’s constructs using AMOS 4 software.42 The results
of these analyses are shown in Table 1 and Figure 2. All
predicted relationships were significant except the relation-
ship between IM and BI that is predicted by the integrated
model. TAM and the motivational model each accounted for
70% of the measured variance (R2) in BI, and all constructs in
each model made significant positive contributions to the
predictions. This supports Hypotheses 1 and 2. The integrated
model produced fit statistics that are not clearly better than
those of its constituent models, failing to support Hypotheses
3 and 4. We found that the PU-EM construct by itself predicts
68% of the measured variance in BI. Because PU-EM is a key
construct in each of the tested models, the result is that all
models produced similar results in our tests.

Model fit is typically assessed using a set of metrics that
captures various perspectives of fit.42 We report the following
fit metrics:

x2/df: This ratio of the minimum sample discrepancy (x2)
to the degrees of freedom in a sample is interpreted as
the distance from perfect fit, a ratio of 1:1; ratios up to
approximately 3:1 are considered to indicate acceptable
fit.43

GFI/AGFI: Goodness of fit index (GFI) and adjusted
goodness of fit index (AGFI) values fall between 0 and 1;
GFI values >0.90 and AGFI values >0.80 are considered
to indicate reasonable fit.

CFI/NFI/TLI: Comparative fit index (CFI), normed fit
index (NFI), and Tucker-Lewis index (TLI) compare
model fit to a badly fitting baseline model42; in each
case, values close to 1 indicate good fit.

RMSEA: The root mean square error of approximation
(RMSEA) compensates for effects in which complex

models are disadvantaged by simple fit metrics; values
of #0.08 indicate reasonable fit.44

All models show good fit on some metrics (e.g., NFI >0.90)
but are outside target limits on other metrics (e.g., RMSEA
>0.08). In general, the fit results are numerically close to those
reported by Venkatesh et al.21 These results suggest that the
structures of the current models are reasonably accurate and
reliable across studies. However, because model fit is some-
what less than ideal, it may be possible to improve on the
models in future research.

Importance of Antecedent Factors
Assessing the importance of the five hypothesized antecedent
factors in predicting acceptance proceeded in three stages.
First, correlations were produced between the factors and
model constructs (Table 2), providing a test of simple asso-
ciation. Four factors showed a significant association with at
least one of the model constructs. Health care need was
implemented through three items that measure the number
of physicians seen, the number of visits during the past
six months, and the existence of chronic disease. None of
these measures showed significant associations with model
constructs, failing to support any part of Hypothesis 8.

Second, to test the remainder of the hypotheses, SEM was run
to associate the four correlated antecedent factors with the
IM, PEOU, and PU-EM factors from the integrated model
(Fig. 3). As shown in Table 1, fit of the model including
antecedents improved on metrics that adjust more for model
complexity (e.g., x2/df and RMSEA) and tended to decline on
metrics that do not adjust or adjust less (e.g., GFI, AGFI, CFI,
NFI, and TLI). Overall, the metrics suggest that inclusion of
the antecedents does not diminish model fit and may actually
improve fit somewhat. The results indicate that three of the
four antecedents are important unique predictors of e-health
acceptance; however, none of these provided overall pre-
dictions of IM, PEOU, and PU-EM. Satisfaction with medical
care predicts IM, supporting Hypothesis 5a, and information-
seeking preference predicts PEOU, supporting Hypothesis
7b. Internet dependence predicts both IM and PU, supporting
Hypotheses 9a and 9c. Health care knowledge did not
provide any significant unique predictions.

Finally, stepwise regressions were run to test the cumulative
strength of relationships between the antecedent factors
identified in SEM and the individual model constructions.
The combined antecedent factors accounted for 20% of
variance (adjusted R2) in IM, 13% in PEOU, and 20% in PU-
EM. These figures suggest that the antecedents will have
good predictive power across the three acceptance models.

Table 1 j Model Results

x2 df x2/df GFI AGFI CFI NFI TLI RMSEA

Model
TAM 52.97 17 3.115 0.923 0.837 0.976 0.966 0.961 0.114
Motivational model 57.08 17 3.358 0.919 0.828 0.961 0.967 0.961 0.121
Integrated model 94.00 39 2.410 0.905 0.839 0.975 0.958 0.964 0.093

Model including antecedents
Motivational model 153.65 84 1.829 0.889 0.842 0.970 0.937 0.963 0.053
TAM 249.07 144 1.730 0.864 0.821 0.954 0.898 0.945 0.067
Integrated model 343.04 200 1.715 0.843 0.801 0.952 0.892 0.944 0.066

TAM = technology acceptance model; GFI = goodness of fit; AGFI = adjusted goodness of fit; CFI = comparative fit index; NFI = normed fit
index; TLI = Tucker-Lewis index; RMSEA = root mean square error of approximation.
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Discussion
All the acceptance models performed reasonably well in our
tests. Although we anticipated that these models would be
applicable to e-health acceptance based on substantial re-
search in other domains, it is reassuring to find that they are
robust in the previously untested context of e-health and
among a subject group primarily composed of middle-aged
to elderly female medical patients, a population that has not
previously been studied by technology acceptance researchers.

All models showed adequate fit on most metrics. Yet, as was
discussed previously, it may be possible to improve on these
models. Future researchers should consider several methods
that have been recommended for developing better models,41

including refinement of measures, use of multiple measure-
ment methods, and incorporating different constructs and
associations. Where new constructs and associations are to be
used, however, it is strongly recommended that these changes
be theoretically driven because this will allow findings to be
related to other research and generalized among situations. In
particular, it will be important to consider evaluating related
models, e.g., the theory of reasoned action,17,18 because these
may prove to be more applicable than the models that we
chose to study.

The findings suggest that health care providers have flexibility
in choosing which model to apply to e-health acceptance. The

choice of models in a priori situations, i.e., predicting patients’
e-health acceptance prior to application use, should be driven
by the antecedent factors that are available for measurement.
We recommend applying the integrated model in situations
in which measurements of satisfaction with medical care,
information-seeking preference, and Internet dependence are
available.

F i g u r e 2. Integrated model showing standardized estimates. Measured items are illustrated in rectangles (e.g., IM1). Latent
variables are illustrated in ovals (e.g., IM); smaller ovals illustrate error of measurement (e.g., err1). Associations are illustrated by
arrows that indicate the direction of prediction. Factor loadings are noted at the top right of item rectangles. Coefficients are noted for
each association (i.e., directional arrow). Variance (R2) is noted for each latent variable within the model that has an association
directed toward it.

Table 2 j Correlations between Hypothesized
Antecedents and Model Constructs

Hypothesized Antecedent IM PEOU PU-EM

Satisfaction with medical care 0.335z 0.229y 0.275z
Health care knowledge 0.105 0.213y 0.081
Internet dependence 0.248y 0.221y 0.327z
Information-seeking preference 0.175* 0.270y 0.209y
Number of physicians seen during

the past 6 months
�0.011 �0.065 0.000

Number of visits to physician during
the past 6 months

0.044 �0.116 �0.011

Chronic disease that requires special
medical attention

�0.059 �0.047 0.031

IM = intrinsic motivation; PEOU = perceptions of ease of use;
PU-EM = perceptions of usefulness–extrinsic motivation.
*Significant at the 0.05 level.
ySignificant at the 0.01 level.
zSignificant at the 0.001 level.
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Health care providers can use this information in several ways.
First, findings from the current study identify several char-
acteristics of patients who tend to accept e-health, which may
be useful both in guiding the overall decision of whether to
deploy e-health and in clarifying the prospects for e-health
within specific patient populations. Patients who are satisfied
with their current medical care, those who prefer to seek in-
formation about their health care, and those who are already
dependent on the Internet tend to accept e-health. Thus, it is
likely that patients will use e-health to expand and augment
interactions with their health care provider rather than replace
interactions that they dislike. One implication of the findings is
that e-health will not be instrumental in mitigating problems
that may already exist in the relationship between the health
care provider and the patient, at least not during initial use.

Second, the findings demonstrate a mechanism for investi-
gating acceptance of specific aspects of e-health. The studied
e-health application implemented a range of components
related to content, connectivity, and care that the application

designers intended to be useful and attractive to patients.
However, research has shown that some of the e-health
components that designers have the highest hopes for and
expend the most funds to produce are used only infrequently
by patients.45 Simple survey techniques can reveal patients’
BI to use e-health components based primarily on model
constructs, such as PU, and secondarily on antecedent factors,
which offer the added benefit to e-health designers of clearly
delineating key characteristics of potential users.

Limitations
This research is necessarily limited by the geographic location
of the health care provider and its patients, the configuration
of the e-health application that the provider implemented,
our choice of antecedent and measurement factors, and the
means by which we recruited subjects. Therefore, we suggest
caution in generalizing the findings to substantially different
locations or to specialized e-health applications, and we
recommend that future researchers explore other potential

F i g u r e 3. Integrated model with antecedents showing standardized estimates.
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antecedents. Some interesting examples include measures of
patients’ health care involvement, normative influences, and
socioeconomic status. Although BI is frequently used as the
dependent variable in technology acceptance studies and has
been shown to be a good predictor of use, future research
should extend our design to examine subsequent use of e-
health. It is possible that there may be systematic differences
between patients who responded to our questionnaire and
those who did not respond, and this could have biased our
findings. Finally, we surveyed only patients who registered to
use e-health technology. Future research should investigate
which factors are important in acceptance of e-health by
patients in general.

Conclusion
The current research represents a first step in understanding
acceptance of e-health technology. For this reason, we chose
to apply well-known acceptance models and test their as-
sociations with logically related patient characteristics. From
these beginnings, it will be important to expand the research
in two directions. First, it is key to understand which aspects
of e-health are valued by different types of patients and in
different situations. Because of the wide range of health care
offerings and patient needs that exists, it is difficult to
envision a single ‘‘best of breed’’ e-health application that
would be able to cover all uses without overloading users. For
this reason, there is likely to be greater demand for applicable
theories, models, and guidelines for configuring e-health
applications than is the case with most custom software.
Second, although we have argued that modeling e-health
acceptance is useful to health care providers, it is important to
extend research to understand why patients continue to use
these applications. Research in the area of continuance is
likely to provide deeper insights into the process of im-
proving e-health so it can meet ongoing patient needs and
become an increasingly valued part of health care services.
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Appendix 1
The following items were administered to subjects in the
study. Scale items accept responses on a seven-position scale
where 1 = strongly disagree and 7 = strongly agree. Pre-
sentation order of the scale items was randomized prior to
each new administration of the online questionnaire. Re-
liability scores (Cronbach’s a) for items in each construct are
shown in parentheses.

Satisfaction with Medical Care Scale (a = 0.78)
SAT1: I am very satisfied with the medical care that I

receive.
SAT2: All things considered, the medical care that I

receive is excellent.
SAT3: There are things about the medical system from

which I receive my care that need to be improved.
(Reversed)

Health Knowledge Scale (a = 0.73)
HK1: I am very knowledgeable regarding care for my

health problems.
HK2: I understand my health problems and how to care

for them.

Internet Dependence Scale (a = 0.82)
ID1: Having access to the Internet is important to me.
ID2: I spend a lot of time using the Internet.
ID3: The ability to send and receive e-mail is important

to me.
ID4: I send and receive numerous e-mail messages.

Information-seeking Preference Scale (a = 0.60)
IS1: I believe that as a person becomes sicker that person

should be told more and more about his or her illness.
IS2: I believe that doctors should explain the purpose of

laboratory tests.
IS3: I believe that people should know all the side effects

of their medications.
IS4: When there is more than one method to treat a

problem, I should be told about each one.

Health Care Need (measured as three separate
aspects of need, each as a single item)

HN1: Number of face-to-face visits [to your physician
during the past six months]. (Textbox response)

HN2: How many different physicians have you seen at
your health care provider during the past six
months? (Textbox response)

HN3: Do you have a chronic disease (such as diabetes or
asthma) that requires special medical attention?
(Binary response)

IM: Intrinsic Motivation Scale (a = 0.93)
IM1: I will find [e-health] to be enjoyable.
IM2: The actual process of using [e-health] will be

pleasant.
IM3: I will have fun using [e-health].

PEOU: Perceived Ease of Use Scale (a = 0.91)
PEOU1: My interaction with [e-health] will be clear and

understandable.
PEOU2: [E-health] will be easy to use.
PEOU3: I will find it easy to get [e-health] to do what I

want it to do.

PU-EM: Perceived Usefulness: Extrinsic Motivation
Scale (a = 0.96)

PU-EM1: Using [e-health] will support critical aspects of
my health care.

PU-EM2: Using [e-health] will enhance my effectiveness
in managing my health care.

PU-EM3: Overall, [e-health] will be useful in managing
my health care.

BI: Behavioral Intention to Use E-health Scale
(a = 0.96)

BI1: I intend to use [e-health].
BI2: I predict I will use [e-health].
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